Abstract -The key to real-time intelligent control lies in the knowledge models that the system contains. We argue that there needs to be a more rigorous approach to engineering the knowledge within intelligent controllers. Three main classes of knowledge are identified: parametric, geometrichconic, and symbolic. Each of these classes provides unique perspectives and advantages for the planning of behaviors by the intelligent system. Examples of each from demonstration systems are presented.
INTRODUCTION
The concept of intelligence in control applies to a variety of approaches to extending classical control theory that include learning, non-linear control, model-based control, and, in general, control of complex systems that will "do the right thing" when confronted with unexpected or unplanned situations [4]. It can be said that ail "intelligent" systems have some laowledge of the system to be controlled or that they use some model of the system in calculating control outputs. In fict, the American Heritage Dictionary defines intelligence as "the capacity to acquire and apply knowledge."
Creating the knowledge -i.e., the model -of the system to be controlled is one branch of what is known as knowledge engineering. The real-time aspects of control make this problem domain different than other knowledge engineering problems such as large-scale ontologies. For example, there is a need for designing non-symbolic aspects of the system's knowledge, such as map-based world models. We argue that intelligent control requires several dfferent types of knowledge and representation. 
Control System
decisions in what type of knowledge is needed in the software and how it should be represented.
CLASSES OF KNOWLEDGE
A general fiamework for a model-based control system is shown schematically in Fig. 1 . This fiamework shows a hierarchical control structure with a world model hierarchy explicitly interspersed between the sensor processing hierarchy and the behavior generation or task decomposition hierarchy, allowing for model-based perception and model-based control [I] , [2]. Example labels for three of the levels (subsystem, primitive, and servo), as defined in [I] are shown. This paper presents an overview of the data needed for the world model hierarchy. We argue that there are three distinctly different classes of knowledge in such a control hierarchy: system parameters at the lower levels; maps, images and object models at the middle levels,; and symbolic data at the highest levels. We will consider each of these below. Note that each level may contain some or all of the classes of knowledge, but in general, there won't be use of symbolic knowledge at the lowest (servo) level, and the highest levels will mostly use symbolic knowledge. Traditionally, iconic, parametric, or numeric information is not addressed by knowledge engineering. We believe that it is necessary to consider this type of representation as well in designing the knowledge models for intelligent systems.
We can further distinguish knowledge that is learned or acquired, which we will call in situ knowledge, from knowledge that is pre-programmed or referenced from an outside data base, which we will call apriori knowledge. This provides a fiamework for considering learning and adaptive control.
There is yet a third means of differentiation of types of knowledge, which is to distinguish knowledge of things (nouns), and knowledge of actions or tasks or behaviors (verbs). This becomes very useh1 at higher levels in considering the interaction of autonomous machines with complex environments, where appropriate behaviors depend upon the nature of the objects encountered in the environment; another application where this distinction arises is generative process planning for assembly or machining or inspection.
[ 16] [9] [ 181 A distinction between object models (things) and behavior models (actions) also helps the system designer in matching the sensor processing and world modeling specifications to the control task specifications.
A. Paranietric Level Knowledge The lowest levels of any control system, whether for an autonomous robot, a machine tool, or a refinery, are at the servo level, where knowledge of the value of system parameters is needed to provide position andor velocity andor torque control of each degree of freedom by appropriate voltages sent to a motor or a hydraulic servo valve. The control loops at this level can generally be analyzed with classical techniques and the "knowledge" embedded in the world model is the specification of the system hnctional blocks, the set of gains and filters that define the servo controls for a specific actuator, and the current value of relevant state variables. These are generally called the system parameters, so we refer to KP System w knowledge at this level as parametric knowledge. Fig. 2 shows a traditional PD servo control for a motor of a robot arm. All six or seven motors that drive the arm will have basically the same servo control, but each will have different parameters because there are different size motors driving different loads at different points in the arm. Any errors that deal with a single degree of fieedom, such as ball screw lead errors, contact instabilities, and stiction and fiiction are best compensated for at this level.
Learning or adaptive control systems [6] , [28] may allow changes in the system parameters and even autonomous identification of the system parameters, but the topology of the control loops is basically invariant and set by the control designer. No robot is going to invent itself a torque loop in the field, although it could well change the gain of a position or velocity loop as it learns to optimize a task. 
B. Iconic or Geometric Level Knowledge
Above the servo level are a series of control loops that coordinate the individual servos and that require what can be generally called "geometric knowledge," "iconic knowledge,." or "patterns." Iconic knowledge can be defined as 2D or 3D array data in which the dimensions of the array correspond to dimensions in physical space. The value of each element of the array may be boolean data or real number data representing a physical property such as light intensity, color, altitude, or density. Examples of iconic knowledge include includes digital terrain maps, images, models of the kinematics of the machines being controlled, and knowledge of the spatial geometry of parts or other objects that are sensed and with which the machine interacts in some way. This is where objects and their relationship in space and time are For industrial robots, machine tools, and coordinate measuring machines, the first level above the servo level deals with the kinematics of the machine, relating the geometry of the different axes to allow coordinated control. Linear, circular and other interpolation and motion in world or tool coordinates is enabled by such coordination. The "knowledge" here may be the kinematic equations or Jacobian coefficients that define the geometric relationships of the axes, or the mathematical routines for interpolation or coordinate transformations. It is at this level that systematic multidimensional geometric errors such as non-orthogonality of axes of a machine tool and Abbe offset errors are considered. [3] . Fig. 3 shows an investigation of fixtureless inspection, in which a part is placed on the table of an inspection machine without a fixture and the pose of the part is determined by matching an image of the part (dark edges) with a predicted image derived by rotating and translating a CAD model of the part (light edges) [2 13 ,[ 151.
For mobile autonomous robots, digital maps are the natural way of representing the environment for path planning and obstacle avoidance, and provide a very powerful mechanism for sensor hsion since the data fiom multiple sensors can be represented in a common format [ 141. Digital terrain maps are essentially two-dimensional grid structures that are referenced to some coordinate frame tied to the ground or earth. A map may have multiple layers that represent different "themes" or attributes at each grid element. For instance, there may be an elevation layer, a road layer. a hydrology layer, and an obstacle layer. The software can query if there is a road at grid location [x, y] and similarly query for other attributes at the same [x,y] coordinates.
The mobile robot literature references occupancy grids as a specific approach to building quantized local maps with some measure of certainty applied to contents of each grid element [22] [24] [7] [lo]. This is particularly usefbl with sensor modalities that are noisy or sensitive over wide angles such as sonar. 
C. Symbolic Knowledge
At the highest levels of control, knowledge will be symbolic, whether dealing with actions or objects. It is at this level that a large body of relevant work exists in knowledge engineering for domains other than real-time control, such as formal logic systems or rule based expert systems. Whether the knowledge is represented in terms of mathematical logic. rules, fiames, or semantic nets, there is a formal linguistic structure for defining and manipulating and using the knowledge. A good presentation of different concepts of knowledge representation is found in Davis [ 1 11.
An example of a formal description of a solid model of a part is shown in Fig. 6 . A block is being described using Linguistic representations provide ways of expressing knowledge and relationships, and of manipulating knowledge, including the ability to address objects by property. Tying symbolic knowledge back into the geometric levels provides the valuable ability to identify objects fiom partial observations and then extrapolate facts or fbture behaviors fiom the symbolic knowledge. In the manufacturing domain, using a feature-based representation (which is symbolic) is reasonable at the generative planning level (Fig. 7a) . Graphical primitives (Fig. 7b) to let users easily pick a feature (such as a pocket) by selecting on a portion of it on the screen. The geometric representation of each edge and surface that comprise a feature (Fig. 7c) can be tied to the feature definition in order to facilitate calculations for generating the tool paths.
Ontologies are definitions and organizations of classes of facts and formal rules for accessing and manipulating (and possibly extending) those facts. There are two main approaches to creating ontologies, one emphasizing the organizational fiamework, with data entered into that fiamework, and the other emphasizing large scale data creation with relationships defined as needed to relate and use that data. Cyc [19] is an example of the latter, an effort to create a system capable of common sense, natural language understanding, and machine learning.
Linguistics is useful for human-machine communication and for sharing and exchanging information amongst robots. Many of the results of such formal methodologies can be useful to control applications. Formal methods can be used to prove correctness and completeness of the knowledge representation. Higher-level behaviors and environmental situations are more readily and efficiently expressed using linguistic (versus numeric) representations. For instance, at the higher levels of control, describing the environment near an autonomous driving vehicle by only naming objects is more compact than an enumeration of a series of surfaces and their mathematical descriptions. Of course, the geometric descriptions are necessary in order to avoid collisions, but that would be handled by a lower control level. However, these systems tend to be brittle since the behaviors that are learned and the decision rules for merging of these behaviors tend to be specific to the training environment.
DIFFERENT APPROACHES TO USING KNOWLEDGE FOR CONTROL

A. CONTROL USING ONLY HIGH LE VEL SYMBOLIC KNOWLEDGE
C, CONTROL WITH MULTIPLE LEVELS OF KNOWLEDGE
The most significant and complex autonomous mobile robot built to date is the Army's Experimental Unmanned Vehicle This is basically a demonstration of the use of multiresolutional maps as a means of knowledge representation for sensor fbsion and path planning in autonomous mobile robots. Over the next several years symbolic knowledge will be added to enable tactical behaviors and humanmachine interaction. This will create a machine that will indeed be considered intelligent. A brief discussion of some of the design aspects of knowledge content and representation in building such as system are presented in the following section.
IV. CONSIDERATIONS IN DESIGN OF KNOWLEDGE AND ITS REPRESENTATION
There are several design considerations when implementing the world model for an intelligent controller. A high level discussion only is possible within the space constraints of this paper. A key concept is that a single, monolithic world model is too restrictive in terms of performance and capabilities.
In this brief summary, we elaborate on the description of the 4D/RCS autonomous scout vehicle software architecture. 4D/RCS integrates the functional elements, The 4DRCS architecture is a hierarchical control structure, composed of RCS Nodes, and with different range and resolution in time and space at each level. The hctionality of each level in the 4D/RCS hierarchy is defined by the functionality, characteristic timing, bandwidth, and algorithms chosen by Behavior Generation processes for decomposing tasks and goals at each level. Hierarchical layering enables optimal use of memory and computational resources in the representation of time and space. At each level, state variables, images, and maps are maintained to the resolution in space and time that is appropriate to that level. At each successively lower level in the hierarchy, as detail is geometrically increased, the range of computation is geometrically decreased. Also, as temporal resolution is increased, the span of interest decreases. This produces a ratio that remains relatively constant throughout the hierarchy.
The Army XUV has successllly navigated many kilometers of off road terrain, including fields, woods, streams and hilly terrain. given only a few way points on a low resolution-map by its on-board sensors to create high definition multiresolution maps of its environment and then navigated successhlly through very dificult terrain.
Army scout. The X-W used Each RCS Node contains the same fbnctional elements, yet is tailored for that level of the hierarchy and the node's particular responsibilities. At the servo level, an RCS Node receives commands to adjust set points for vehicle steering, velocity, and acceleration or for pointing sensors. It must convert these commands to motion or torque commands for each actuator and issue them at high frequencies (e.g., every 5 ms). The planning horizon is about 50 ms. The knowledge used at the servo level is primarily singlevalued state variables: actuator positions, velocities, and forces, pressure sensor readings, position of switches, and gear shift settings.
At the higher Subsystem level, the Autonomous Mobility node, which is part of the vehicle's locomotion controller hierarchy, generates a schedule of waypoints that are sent to the subordinate Primitive controller. Commands that the Autonomous Mobility RCS Node accepts include directives to follow a schedule of waypoints to avoid obstacles, maintain position relative to nearby vehicles, and achieve desired vehicle heading and speed along the desired path. Knowledge used at this level supports planning movement through 3D terrain, hence digital terrain maps (which are forms of iconic knowledge), with multiple registered attribute layers are appropriate.
Planning for mobility at this level is concerned with obstacles (both positive and negative, i.e., holes), elevation, potentially roads, if it is to follow roads, and observability, if it is to perform stealthy movements. A cost-based search through a graph whose nodes are derived fiom elements of the regular terrain grid is used to find the lowest-cost path that achieves the specified objectives. The map-based format also provides a convenient "receptacle" for registering and fbsing information fiom multiple sensors with each other and with a priori information, such as from digital terrain maps. The subsystem level of the hierarchy outputs a new plan about every 500 ms, and the planning horizon at this level is about 5 s into the future. soldiers and 1 tank is moving toward location x, y with 60 % probability at velocity of 10 miledday" into a set of costs that can be tied to the map grid and utilized by the graph-based search to generate the vehicle plans. Therefore, this level is an example where map-based (graph search) planning and symbolic reasoning tools may be used.
At most of the levels, there is some combination of a priori knowledge and in situ knowledge. At lower levels concerned with mobility, the maps are primarily sensor-generated, however, there may be pre-computed kinematically correct steering curves that are overlaid on the planning graph. knowledge is used, e.g., as digital terrain maps and descriptions of enemy vehicles and capabilities.
At higher levels, more apriori
V. CONCLUSIONS
No one type of knowledge representation is adequate for all purposes. Davis [ 1 13 argues that representation and reasoning at the symbolic level are inextricably intertwined, and that different reasoning mechanisms, such as rules and fiames, have different natural representations that must be integrated in a representation architecture to achieve the advantages of multiple approaches to reasoning. We go further and argue that there is a requirement for integrating iconic and parametric knowledge with multiple types of symbolic knowledge and that, as Davis argues, there is a basic need for a representational architecture to provide a basis for intelligent control, which we have presented above.
The introduction of iconic data, integrated with symbolic data and parametric data in a multi-resolution hierarchical world model, enables the real time control of complex systems interacting with the real world, including the ability to deal with dynamic relationships of objects in space and time. This provides the ability for a moving vehicle to sense and correctly respond to unexpected obstacles and events. This is the essence of intelligent control. The Army XUV program provides a leading edge demonstration of the value of this approach.
